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Abstract 
Mechanical properties of FCC metals and alloys can be improved by exercising control 

over the population of grain boundary types in the microstructure. The existing studies also 
suggest that such properties tend to have percolative mechanisms that depend on the topology 
of the grain boundary network. With the emergence of SEM-based automated electron 
backscatter diffraction (EBSD), statistically significant datasets of interface crystallography can 
be analyzed in a routine manner, giving new insight into the topology and percolative 
properties of grain boundary networks. In this work, we review advanced analysis techniques 
for EBSD datasets to quantify microstructures in terms of grain boundary character and triple 
junction distributions, as well as detailed percolation-theory based cluster analysis. 

Introduction 
Grain boundaries and triple junctions exert significant influence on mechanical and 

physical materials properties. The effect of boundary character and crystallography and the 
grain boundary character distribution (GBCD) have been demonstrated for intergranular 
corrosion and cracking, creep behavior and cavitation characteristics, fracture toughness and 
plasticity, cold work embrittlement, and weldability. 

An important aspect of assessing the optimization of the microstructure is to correlate 
microstructural parameters like the grain boundary character and triple junction distributions 
with the connectivity of grain boundary networks that are susceptible to failure. Wells et al. [ 11, 
on the basis of a bond percolation formulation, suggested that the probability of cracks 
propagating through the microstructure would be considerably reduced as the susceptible 
boundary fraction decreases below 0.65. This type of probabilistic analysis was further 
extended in the work of Palumbo et al. [2] to assess the crack resistance of a microstructure. 
This model was based on the fraction of crack-resistant grain boundaries, or the GBCD, but did 
not include consideration of the spatial arrangement of these special boundaries. The approach 
of Gertsman and Tangri [3] further combined both the percolation and Markovian description 
in a probabilistic methodology and they were able to predict percolation thresholds using both 
the grain boundary character and triple junction distributions. Interestingly, in all the above 
studies where a two-dimensional microstructure was assumed the threshold value of susceptible 
boundaries for crack propagation is about 0.65, which agrees closely with the value obtained 
from the bond-percolation calculation. The probabilistic nature of these approaches, however, 
does not fully incorporate the 2-point and higher order correlations that exist in a grain 
boundary network. 

Advances in the engineering of grain boundaries in materials have been facilitated in 
recent years by the commercialization of automated electron backscatter diffraction (EBSD) 
techniques. This technique has largely superceded other experimental techniques for the 
determination of the GBCD, such as TEM and electron channeling in the SEM, due to the 
relatively straightforward specimen preparation and the large number of measurements 
attainable in a relatively short period of time. After acquisition and processing, EBSD data 
provide the x- and y-coordinates on a planar section, the three Euler angles of the underlying 
crystal, and a number of other parameters including the quality of the electron backscatter 



diffraction pattern (EBSP) and the confidence in indexing. This allows the investigator to 
analyze many aspects of the microstructure, with spatial correlation of texture being a 
prominent example. This technique has also been instrumental for the field of grain boundary 
engineering, providing statistical information on grain boundary crystallography. In recent 
years, the use of EBSD has been extended to allow for more sophisticated analysis of the grain 
boundary network, including determination of triple junction distributions and mapping of the 
random grain boundary connectivity. This article attempts to summarizes these new analysis 
techniques and highlight the main features of grain boundary networks. 

Data Analysis: Strategies and Results 
A brief discussion of data reduction methods and algorithms germane to 2-dimensional 

data sets is presented, with special emphasis on grain boundary networks. The EBSD data sets, 
acquired on a hexagonal grid, were analyzed using software developed using the IDL 5.5 
(Research Systems, Inc. Boulder, CO) interactive data language program. The two-dimensional 
network of grain boundaries determined from EBSD data was analyzed by identifying 
boundary clusters, each cluster consisting of all the interconnected boundaries of like type, i.e., 
all random high-angle boundaries or all “special” CSL boundaries. 

In a typical EBSD scan, some small fraction of the data points are of low “confidence 
index” (below a value of O.l), indicating that the EBSP could not be unambiguously indexed 
[4]. Low confidence index points are more common near grain boundaries, where the 
diffracting volume may overlap two grains. Such points do not critically affect analyses of 
texture or grain boundary character distributions, but can markedly impact network 
connectivity, since a single low-confidence index point can divide a large cluster into two 
clusters of much smaller size. For quantitative analysis of cluster properties, it is therefore 
critical that the area fraction of these unindexed data points be as small as possible, and 
corrected to approximate the true crystallography in the specimen. In this work, a correction 
algorithm was employed to treat such data points, by assigning them the orientation of 
neighboring points of high confidence index. 

The process of grain boundary engineering involves several cycles of straining and 
annealing [5,6], and increases the number fraction of special grain boundaries, fn, as shown in 
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Fig. 1: a) Fraction of special grain boundaries by number,f,, as a function of the number of cycles of 
rolling and annealing, and b) triple junction distributions corresponding to the number of special grain 
boundaries which coordinate the junction. The effect of sequential grain boundary engineering 
processing is also shown. 



Fig. la for Inconel 600. This increase in special fraction is correlated with enhanced annealing 
twinning arising from boundary decomposition mechanisms [7]. The most quantitative measure 
of network connectivity previously described in the literature is the triple junction distribution 
[5,8], which gives information on the correlation of grain boundary types. Junctions are 
classified according to the number of special boundaries that coordinate them; type 0 junctions 
consist of 3 random boundaries, type 1, 2, and 3 junctions comprise, respectively, 1, 2, and 3 
special boundaries. The triple junction distributions for Inconel 600 are shown in Fig. lb as a 
function of grain boundary engineering processing cycles, and are similar to those reported 
previously for Cu and Inconel 600 [5]. The increase in type 2 and 3 junctions at the expense of 
types 0 and 1 reflects an increase in interconnectivity of special boundaries, and a concomitant 
decrease in the connectivity of random boundaries. 

A more exhaustive analysis of boundary connectivity requires information about grain 
boundary clusters. In this work, such clusters were identified using a depth-first graph-search 
algorithm [9]. Essentially, a path of like boundary types (for example, a path of random 
boundaries) is followed through the microstructure, and branch points are identified and stored 
in a list. The current branch being followed can terminate in one of three ways: (i) at a triple 
junction coordinated by unlike boundaries, (ii) at the edge of the analyzed area, or (iii) by 
intersecting a boundary that has already been identified as part of the cluster (i.e., by closing a 
loop within the cluster). At any of these points, the search algorithm returns to a branch point in 
the list and proceeds down a new branch. The entire cluster is identified when a branch 
terminates and there are no more branch points stored in the list. An example of cluster 
identification is illustrated in Fig. 2, which shows the complete boundary network (random and 
special boundaries, Fig. 2a), only the random boundaries (Fig. 2b), and finally a single cluster 
isolated from the random boundary network (Fig, 2~). Before proceeding we note that the 
quantitative analysis to follow is performed in dimensionless units of length, where measured 
length is normalized by the mean linear intercept grain size, to facilitate comparison between 
microstructures. 

Individual clusters are identified by their size and shape using standard measures from 
percolation theory [lo]. The mass of a cluster, S, is defined as the total (dimensionless) length 
of boundary contained in the cluster. A mass close to unity likely represents a single, isolated 
boundary with no neighbors of the same type, while a large mass (i.e., several tens or hundreds) 
spans many grains, although its shape is unspecified by the mass alone. For a cluster composed 
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Fig. 2: Example of the cluster identification process, showing (a) the full network of grain boundaries, 
(b) only the random high-angle boundaries, and (c) an example of a single interconnected random 
boundary cluster. 



of N discrete components (i.e., boundaries or boundary segments), the radius of gyration Ra of 
a cluster is defined in terms of the average distance of a boundary from its center of mass, rO, as 
follows: 

(1) and 
1 N 

r, = - 
7 N ,= 

ri (2) 

where ri is a vector pointing to the position of the ith boundary or boundary segment. An 
additional length scale of interest is the maximum linear dimension of a cluster, D, which may 
govern the length of intergranular cracks (note again that D is normalized by the mean linear 
intercept length). 

The above properties describe individual clusters; average measures of the entire cluster 
population may be more representative of the microstructure. The weighted average cluster 
mass and the the correlation length, which is effectively a weighted average diameter of 
gyration, are given by (3) and (4), respectively: 

2 
(s)= iT.-J (3) and 5’ = 2.TRi .s2 ‘% 

c 
(4) 

s s-n, 
s s 

where n, is the cluster mass distribution function, which gives the number of clusters of size s 
per unit area [lo]. 

As described above, the maximum linear dimension of clusters is important as regards the 
extent of, e.g., intergranular crack propagation. This and other percolation-sensitive material 
properties are sensitive to the dimension of the largest cluster; we accordingly also identify the 
largest linear dimension of any cluster in a given specimen, D,,,. 

The cluster mass distribution described above, n,, gives the number density of clusters of 
mass s. In a given specimen, the mass fraction of clusters of mass s is given as: 

s-n m =S s 
c 

s.n, 
(5) 

For a quantitative comparison among different specimens with different processing 
histories, it is important that the data sets are of comparable size and shape. Therefore, for all of 
the specimens investigated here, the analyzed EBSD data sets were chosen such that they were: 
(i) nearly square, with aspect ratios between 1 .O and 1.1, and (ii) all of the same size in 
dimensionless units, spanning about 632 grains on each specimen. 

Fig. 3 shows the evolution of the grain boundary network as a function of processing 
cycle, extracted from much larger EBSD data sets; Figs. 3a-c show only the random 
boundaries, while Figs. 3d-f show the complementary special boundaries. In this figure, the 
individual pictures are all scaled to the mean linear intercept length. Qualitatively, Fig. 3 shows 
the fragmentation of the random boundary network as the special fraction is increased through 
grain boundary engineering. Additionally, Figs. 3d-f show the gradual development of 
interconnected networks of special boundaries as a consequence of such processing. After four 
processing cycles (Figs. 3c and 3f), the random boundary network is locally interrupted by 
special boundaries in many locations. 

The changes in the grain boundary network structure described above and shown in Fig. 3 
can be quantified using cluster analysis. Fig. 4 shows the mass fraction, m,, for clusters of size s 
in Inconel 600, as a function of processin, u history. In percolative systems, cluster masses tend 
to be distributed across several orders of magnitude, particularly near the percolation threshold 
[lo]. Therefore, the data in Fig. 4 have been collected in bins spaced evenly in log(s); the size s 
on the x-axes in this figure represents the upper bound of each bin. Physically, Fig. 4 indicates 



Fig. 3: Qualitative illustration of the changing network topology during grain boundary engineering; 
(a)-(c) show only the random boundaries after 0, 2, and 4 cycles, respectively, and (d)-(f) show only the 
special boundaries from the same area, again as a function of the number of processing cycles. 

what fraction of the total length of boundaries in the specimen is occupied in clusters of size S. 
For example, Fig. 4a pertains to the random boundary clusters in the as-received material, 
where the majority of boundaries are incorporated into a single large cluster of mass 391 units, 
i.e., spanning hundreds of grains. As also observed qualitatively in Fig. 3a, the large random 
boundary clusters in the as-received specimen are highly interconnected and percolate through 
the 2-D area of observation. The distribution functions presented in Fig. 4 thus give a 
quantitative interpretation of the qualitative trends observed in Fig. 3. Before proceeding, it is 
important to note that there are errors of truncation for clusters that cross the edges of the data 
set. This type of error particularly affects the mass of very large clusters and the reported 
masses of the largest clusters, which are only observed in random boundaries of the as-received 
material, should be regarded as a lower bound on the true cluster mass. 

In Figs. 4a-c, the effect of grain boundary engineering on random boundary clusters is 
shown quantitatively, After just two cycles of processing (Fig. 4b), the largest interconnected 
clusters of random boundaries are broken up, and the largest clusters have mass less than 100 
units. On each subsequent processing cycle, the random boundary network becomes 
increasingly fragmented, and larger populations of small clusters emerge. After four processing 
cycles (Fig. 4c), all of the clusters have mass below 32 units, more than an order of magnitude 
smaller than the largest cluster mass in the as-received condition. Although there has been 
considerable discussion surrounding the connectivity of random grain boundaries during grain 
boundary engineering, these results are, to our knowledge, the first direct quantitative 
measurement of such connectivity and its evolution as a function of processing history. The 
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Fig. 4: Quantitative depiction of the changing network topology during grain boundary engineering; 
(a)-(c) show the cluster mass distributions for only the random boundaries after 0, 2, and 4 cycles, 
respectively, and (d)-(f) show the complementary mass distributions for the special boundary clusters. 

dramatic fragmentation of the random boundary network documented in Fig. 4 lends support to 
the speculations of previous authors and may explain the concomitant remarkable 
improvements observed in material properties after grain boundary engineering. 

Figs. 4d-f show the mass distributions 
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the as-received state, special clusters are 
extremely small and isolated (Fig. 4d), as 
also observed qualitatively in Fig. 3d. With 

; 1007 

each cycle of processing, the connectivity 
2 

of the special boundaries improves, and 
G 
;; 

after four processing cycles, the largest 5 
fraction of boundaries is of mass 100-l 78 10 7 

units. Compared with the as-received Sgeclal Clusters 

material, this is an order of magnitude 
increase in the maximum cluster mass. 
Thus, the order-of-magnitude decrease in 1 I , / L 

random cluster mass is symmetrically offset 
0 1 2 3 4 

by a lo-fold increase in the mass of special Number of processing cycles 

clusters. . . 

J 

The cluster mass changes illustrated in Fig. 5: Changes m the characteristic length scales of 
Fig. 4 are accompanied by changes in the clusters, including the maximum cluster dimension 
length scales of the clusters. The decrease (Dmax) and the correlation length (E, Eq. (4)) for 

random and special boundary clusters. 



in random cluster size and the corresponding increase in special cluster size during sequential 
thermomechanical processing are shown in Fig 5. The maximum linear cluster dimension, 
D max, represents a projection of the largest contiguous path of random or special boundaries in 
the two-dimensional section, while the correlation length E is a representation of the average 
diameter of all clusters measured in a given specimen. Again, we note that these length scales 
are dimensionless, being normalized by the 2-D grain size. As expected from the trends 
observed in cluster mass, the process of grain boundary engineering leads to a significant 
reduction in the random boundary cluster size, by about a factor of three. 

The Non-Random Nature of Grain Boundary Networks 
The microstructural inversion described above, from random to special grain boundary 

networks, appears to be generally symmetric when the quantitative data in Figs. 4 and 5 are 
examined. However, visual inspection of the network topology in Fig. 3 indicates that there are 
significant topological differences between the special and random boundary clusters. These 
differences are particularly apparent when comparing Figs. 3c and 3d, which show, 
respectively, the random boundaries after processing and the special boundaries in the as- 
received material. The cluster mass distributions in these two conditions are quantitatively 
similar, as shown in the corresponding frames of Figs. 4c and 4d. However, these two states are 
topologically very different. The special boundaries in Fig. 3d appear well dispersed, as though 
they had been placed into the microstructure by a random process. In contrast, the random 
boundary clusters in Fig. 3c appear to be aligned with one another, and to outline a larger 
structure of grains. In fact, the topology of the random boundaries in,Fig. 3c suggests that a 
large network of random grain boundaries has been broken into small clusters only by 
removing short segments from the network. This unique topology is probably due to the 
formation of twins during grain boundary engineering [3,7,1 l] in which annealing twins often 
form as parallel coherent C3 boundaries within a grain. At the grain edge where the twin 
boundaries terminate, the grain boundary character is changed according to the Z-product rule 
[ 121. In many cases, this results in a short segment of special boundary that divides a random 
boundary into two unconnected segments. Multiple twinning induced by sequential processing 
can interrupt the random network in many isolated places, and thereby reduce the random 
cluster size. However, these small interruptions produce a highly non-random topology of the 
random boundaries, as observed in Fig. 3c. 

Figs. 3b and 3e provide a further example of topological differences between random and 
special boundary clusters. These figures correspond to a special number fraction nearf, = 0.5, 
so approximately half of the boundaries are special and half are random. In this condition, a 
random percolation process would lead to essentially identical topologies for the two cluster 
populations. However, the random and special clusters are qualitatively very different (Figs. 3b 
and 3e). These observations strongly suggest that the microstructure cannot be regarded as a 
random percolation problem based solely upon the special boundary fraction, and emphasize 
the topological uniqueness of grain boundary engineered microstructures, which entail 
constraints at grain triple junctions. As new analysis strategies for EBSD become standardized, 
these data sets can reveal subtle details of connectivity among grain boundary networks, and 
microstructural rankings can be founded upon topological information. 
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